1. Introduction {#sec0005}
===============

Bacteria and viruses are the most important pathogens on earth. While most bacteria can be directly eliminated with antibiotics, viruses can only be constrained in their growth, posing a challenge for treatment. This observation is a direct consequence of the fact that viruses are composed of only nucleic acids, proteins, sometimes lipids and a few other compounds. Thus, the survival of viruses is almost entirely dependent on molecular protein-protein interactions (PPI) with their hosts. Furthermore, viral variation occurs rapidly, often with significant adaptation within each host \[[@bib0005]\]. Hence, strategies for the development of safe antivirals often depend on precise targeting of virus-host PPIs and a deep understanding of viral biology.

In this review we relate the diversity of viruses to their medical importance. We use the number of currently known virus-host PPIs as a proxy for our knowledge of virus biology. Given the vast body of literature about virus-host interactions, we primarily base our review on data of human host-virus interactions available in public databases. Although extensive sequence information from next-generation sequencing studies exists, precise knowledge of virus-host PPIs and thus potential targets for antiviral therapies is rather limited, biased and incomplete. Medically important viruses such as HIV and Influenza have received considerable research attention, while other highly infectious viruses have received relatively little attention, as their spread is geographically limited and focused on a narrow range of hosts. Furthermore, their investigation may prove experimentally difficult or accelerated only recently. For example, the Zika threat is relatively recent, having triggered much research activity only in the last few years.

2. Diversity and morbidity of human viruses {#sec0010}
===========================================

As our interest in viruses is primarily driven by their impact on human health and economic toll we wonder how their medical and economic importance is related to research efforts, reflected by the number of genomes sequenced and the number of host-virus PPIs detected. Unsurprisingly, some viruses received a lot of attention. For example, both HIV and Influenza claim a large number of victims and impose a significant economic burden. In turn, viruses such as Hepatitis, MERS and SARS claim relatively few lives, yet come with a considerable economic price tag ([Table 1](#tbl0005){ref-type="table"} ).Table 1Human disease burden by viruses. Infections include infected number of people while morbidity and mortality include those that get sick or die, respectively. Cost is the economic damage of these viral diseases from hospitalization or lost work time. Unless otherwise indicated, figures are yearly.Table 1Virus (species)Virus (family)InfectionsMorbidityMortalityCostRefs.HSV-1/2Herpesviridae3.7 B / ∼700M3M/yr USlow\$540 M US\[[@bib0420], [@bib0425], [@bib0430], [@bib0435], [@bib0440]\]HIV-1/2Retroviridae36 M ww2.1 M/yr ww25 M ww total[1](#tblfn0005){ref-type="table-fn"}\$13.7B US\[[@bib0445]\]Influenza AOrthomyxoviridae\>30 M US[3](#tblfn0015){ref-type="table-fn"}100-600 K US[4](#tblfn0020){ref-type="table-fn"}50 M 1918[2](#tblfn0010){ref-type="table-fn"} ww\$10-90B\[[@bib0450], [@bib0455], [@bib0460]\]Measles morbillivirusParamyxoviridae\>20 M ww250k ww140-500k[5](#tblfn0025){ref-type="table-fn"} ww\$3-7B US\[[@bib0465]\]Hepatitis CFlaviviridae60-120 M ww4M ww500k ww\$10B[6](#tblfn0030){ref-type="table-fn"}\[[@bib0470],[@bib0475]\]Hepatitis BHepadnaviridae248 M ww/yr, ∼2.5 B ww total350 M ww total600k ww\$1B US\[[@bib0480], [@bib0485], [@bib0490]\]Zika virusFlaviviridae740k SA\>2.6k[7](#tblfn0035){ref-type="table-fn"} SAlow\$18B ww\[[@bib0495]\]MERS-CoVCoronaviridae2067 ww total1179 ww total720 ww total\$15-20B\[[@bib0500]\]SARS-CoVCoronaviridae\>10k ww total8098 ww total774 ww total\$40B ww\[[@bib0505],[@bib0510]\]Rhinovirus A, B, CPicornaviridae1B/year US10-40% of common coldslow\$20B US\[[@bib0515]\]Norovirus (Norwalk virus)Caliciviridae19-21 M US; 685 M ww699 M ww570-800 US; 200 K children ww; 219 K ww\$4.2B indirect; \$60.3B total ww\[[@bib0520],[@bib0525]\]Dengue virusFlaviviridae390 M ww96 M ww10k ww\$2.1B US, SA\[[@bib0530],[@bib0535]\][^1][^2][^3][^4][^5][^6][^7]

Virus diversity can be measured by sequencing virus isolates from different geographical areas. Such investigations are especially informative for RNA viruses that evolve rapidly, resulting in large sequence diversity. In [Table 2](#tbl0010){ref-type="table"} , we summarize the 20 most studied virus families as a function of the number of sequenced genomes. Notably, we find more than 7,000 genomes of flaviviridae that include the Zika virus. Furthermore, we count more than 2,000 genomes of retroviridae, including the HIV virus. Sequences of flaviviridae and retroviridae are highly variable, as more than 200,000 sequences in both families cannot be clustered into similar sub-groups. In particular, we applied a similarity threshold of 98% sequence identity with the tool CD-HIT-EST \[[@bib0010]\], considering genomes with more than 98% sequence identity as a single cluster ([Table 2](#tbl0010){ref-type="table"}). Cluster representatives are assumed to be the longest sequence in each 98%-similar group. When available, complete genomes from RefSeq viral and neighbor complete genomes \[[@bib0015]\] are considered cluster representatives.Table 220 best-studied viruse families (by number of genomes sequenced). Sequence numbers as of July, 2016. Clustered sequenced were clustered at ≥98% sequence identity). U/C = un-/ clustered gives the fold-reduction under clustering, indicating the extent of sequence redundancy among complete genomes. Genome data was retrieved from Genbank.Table 2Baltimore ClassFamily nameSeqs (unclust.)Disease examplesU/CTotal complete genomes (unclust.)Complete genomes (clust.)III (dsRNA)Reoviridae65870Rare diarrhea5.50319455803IV (+ssRNA)Flaviviridae225112Zika3.8878372019VII (dsRNA-RT)Hepadnaviridae[\*](#tblfn0040){ref-type="table-fn"}78558Hepatitis3.7272481946II (ssDNA)Geminiviridae13158\-\--2.7764212316IV (+ssRNA)Picornaviridae85636Cold etc2.3034471500VI (ssRNA-RT)Retroviridae716088AIDS etc1.3728902103II (ssDNA)Circoviridae7838\-\--4.992706542V (-ssRNA)Phenuiviridae4139Rift Valley fever4.371678384IV (+ssRNA)Coronaviridae19164SARS4.841549320IV (+ssRNA)Potyviridae161151.821536843I (dsDNA)Papillomaviridae17847Warts, cancer3.801364359I (dsDNA)Polyomaviridae8604Rare cancers7.791277164V (-ssRNA)Filoviridae2165Ebola34.03125937IV (+ssRNA)Togaviridae8924Rubella9.041239137V (-ssRNA)Pneumoviridae22578Cold-like20.18123161II (ssDNA)Nanoviridae3110\-\--4.201183282IV (+ssRNA)Caliciviridae32405gastroenteritis3.671072292V (-ssRNA)Paramyxoviridae29726measles3.081008327IV (+ssRNA)Bromoviridae4677(plants)1.99764384V (-ssRNA)Arenaviridae2639e.g. Lassa fever1.62758469[^8]

As another aspect of viral variability, humans are infected by a variety of different viruses. For instance, Wylie et al. found that an average of 5.5 viral genera were found in each of 102 healthy individuals \[[@bib0020]\]. As only five body habitats were screened, including nose, skin, mouth, vagina, and stool, most people likely carry dozens of different viruses. However, only a few lead to clinical symptoms or disease. Furthermore, Poon et al. \[[@bib0025]\] found numerous variants of Influenza A in individual human hosts. Such variants showed changing abundance over time and between individuals, reflecting their ability to evolve and adapt quickly to changing hosts and conditions.

3. Virus-human host protein-protein interaction databases {#sec0015}
=========================================================

During the last decade numerous protein interactions between human viruses and their host cells have been mapped and more thoroughly investigated. Most of these efforts focused on relatively few viruses, such as Hepatitis C virus \[[@bib0030], [@bib0035], [@bib0040], [@bib0045]\], Human Immunodeficiency Virus \[[@bib0050],[@bib0055]\], Influenza A virus \[[@bib0060]\], herpesviruses \[[@bib0065]\] such as Epstein-Barr Virus \[[@bib0070],[@bib0075]\], as well as Dengue \[[@bib0080]\] and a few others \[[@bib0085]\]. As a consequence of many high-throughput screens, databases of PPIs have been filled with tens of thousands of virus-human interactions. The IMEx (International Molecular Exchange) consortium of databases has been particularly valuable, as members use a standard format (PSI-MS) for recording meta-data for PPIs \[[@bib0090]\], including experimental details. IMEx members and observers include, notably, BioGRID \[[@bib0095]\], DIP \[[@bib0100]\], IntAct \[[@bib0105]\] and MINT \[[@bib0110]\] ([Table 3](#tbl0015){ref-type="table"} ). Other generalist PPI databases \[[@bib0115]\] also collect host-virus interactions but are not further discussed here. Specialized web-based resources have been developed to integrate molecular pathogen-host interactions (PHI) and related data from these PPI databases (generic as well as PHI databases are shown in [Table 3](#tbl0015){ref-type="table"}).Table 3Overview of host-pathogen and other protein-protein interaction databases that provide human-virus protein interactions. PHI-PPIs were drawn from databases shown in bold.Table 3databasedatabase typeHuman viral specieswebpagePhysical PPIs[\*](#tblfn0045){ref-type="table-fn"} (March, 2018)Direct PPIs[\*\*](#tblfn0050){ref-type="table-fn"} (March, 2018)Ref.HCVProPHIonly HCV<http://www.cbrc.kaust.edu.sa/hcvpro/>618565\[[@bib0120]\]HIV-1 \@NCBIPHIonly HIV<https://www.ncbi.nlm.nih.gov/genome/viruses/retroviruses/hiv-1/interactions/>6,8241,594\[[@bib0130]\]PHIDIASPHI37<http://www.phidias.us>[\*\*\*](#tblfn0055){ref-type="table-fn"}[\*\*\*](#tblfn0055){ref-type="table-fn"}\[[@bib0145]\]PHISTOPHI[\*\*\*\*](#tblfn0060){ref-type="table-fn"}<http://www.phisto.org>[\*\*\*\*](#tblfn0060){ref-type="table-fn"}[\*\*\*\*](#tblfn0060){ref-type="table-fn"}\[[@bib0540]\]**HPIDBPHI43**<http://www.agbase.msstate.edu/hpi/main.html>**19,68110,628**\[[@bib0140]\]VirHostNetPHI106<http://virhostnet.prabi.fr>20,67414,013\[[@bib0125]\]VirusMenthaPHI98<http://virusmentha.uniroma2.it>10,6925,863\[[@bib0135]\]DenHuntPHI1<http://proline.biochem.iisc.ernet.in/DenHunt/>)1,064682\[[@bib0545]\]DenvIntPHI1<https://denvint.000webhostapp.com>784784\[[@bib0325]\]**BioGRIDPPI13**<https://thebiogrid.org/>**2,4271,936**\[[@bib0095]\]**DIPPPI48**<http://dip.mbi.ucla.edu/dip/>**519430**\[[@bib0100]\]**IntActPPI142**<https://www.ebi.ac.uk/intact/>**14,2825,934**\[[@bib0105]\]**MINTPPI67**<https://mint.bio.uniroma2.it/>**6,4002,530**\[[@bib0110]\][^9][^10][^11][^12]

Some PHI databases specialize on only one specific pathogen species such as HCVpro \[[@bib0120]\]. A wider range of human specific viruses are covered by VirHostNet \[[@bib0125]\] and others ([Table 3](#tbl0015){ref-type="table"}).

The differences between databases often exacerbate the comparison of their data. Especially the lack of experimental details may obscure the nature of an interaction as direct or "indirect", e.g. when a protein is co-purified with other proteins without additional evidence whether it is directly binding to specific members of such a complex. For instance, out of the over 17,000 HIV-1 -- human PPIs reported in HIV-1db \[[@bib0130]\] as of August, 2017, fewer than 7,000 are physical interactions, and the number of direct (rather than "complexed") interactions is unclear. While clear evidence of direct physical interaction is provided for some PPIs (e.g. "binds", "phosphorylates", "cleaves"), the evidence is weaker for others. Compared to PSI-MS standards, these evidence descriptors were generally more ambiguous. Using a strict set of criteria, the number of physical and direct PPIs between HIV-1 and human proteins is about 1,600. Out of the additional ∼ 5,400 physical interactions, the majority have neither evidence for nor against a direct interaction (e.g. "interacts with", "stabilizes", "recruits"). While NCBI's HIV-1DB is an invaluable resource for HIV-1 researchers, "mining" physical PPIs from the entire database confidently without manual inspection or natural language processing can be difficult.

PHI databases that cover a wide range of viruses and hosts include VirHostNet \[[@bib0125]\], VirusMentha \[[@bib0135]\] and HPIDB \[[@bib0140]\] ([Table 3](#tbl0015){ref-type="table"}). In addition to data storage, VirusMentha and PHIDIAS \[[@bib0145]\] offer certain visualization and analysis tools. In addition, PHI databases may contain interactions that are not present in generalist PPI databases as a result of exhaustive mining of pathogen-specific data and literature. The most recent update of VirHostNet contains nearly 22,000 virus-human PPIs, of which 14,000 are direct. However, this diversity of source data does present some drawbacks. Many PHI databases lack a standard (i.e. PSI-MS) format (except HPIDB), making inference about the molecular details of interactions such as evidence codes challenging. Furthermore, filtering criteria for collecting virus-host PPIs are often difficult or impossible to ascertain. Finally, the update cycles can be irregular, and often the underlying pipelines for collecting data change from one version to the next. Generally, host-virus protein interaction data in the above PHI databases are integrated mainly from more general PPI databases using automatic integration tools such as PSICQUIC \[[@bib0150]\] and by manual literature curation. Hence, we excluded PHI databases that do not follow PSI-MS standards from a deeper analysis.

We collected protein interactions for a variety of viral families using the databases in [Table 3](#tbl0015){ref-type="table"} (shown in **bold**) and from general databases such as BioGRID and IntAct. Not surprisingly, our understanding of human-virus PPIs is highly biased towards a few well-studied viruses. For instance, only 5 viruses have more than 1,000 physical interactions, such as Influenza A with 3,746, Epstein-Barr Virus (EBV) with 3,163, HIV-1 with 2,540, Herpesvirus 8 with 1,643, and Hepatitis C with 1,082. Notably, Influenza, HIV and Hepatitis viruses were among the most economic burdensome pathogens ([Table 1](#tbl0005){ref-type="table"}). The human papilloma viruses totaled 4,645 interactions across 29 different species. Evidence for direct interactions of these top viruses varied, but was notably high for herpesvirus 8 (1,623 direct /1,643 physical) and HIV-1 (2,365 direct /2,540 physical). Considering whole virus families ([Table 4](#tbl0020){ref-type="table"} ), we found a total of 5,957 physical interactions with human host proteins involving proteins of orthomyxoviridae. As indicated previously, such sets of interactions are often dominated by a single virus. In addition, we obtained 462 interactions for virus families with fewer than 100 PPIs. In [Fig. 1](#fig0005){ref-type="fig"} , we summarized the sets of human proteins that were targeted by different virus families and their substantial overlap. While these numbers are roughly similar, the corresponding virus families represent vastly different genome sizes and virus diversity. For instance, HIV encodes only about 10 proteins with more than 100 interactions per virus protein. EBV, by comparison, encodes about 85 proteins leading to "only" 20 interactions per virus protein on average. On a more quantitative level, the number of interactions between proteins of the human host and viruses that belong to a certain family correlate significantly with the presence of different genomes in a given virus family ([Fig. 2](#fig0010){ref-type="fig"} ). Before we can even begin to interpret these interactions, we need to ask if it is biologically meaningful or even possible if a virus protein has \>100 interactions (see below).Table 4Number of host-virus protein-protein interactions of major human virus families. Interaction numbers are pooled from BioGRID, DIP, HPIDB, IntAct, MINT.Table 4viral family\# virus-human PPIs (physical / direct)representative virus-human PPIs (physical / direct)Herpesviridae5957/3570Herpesvirus 4 / Epstein-Barr (3,163/1,049); Herpesvirus 8 (1,643/1,623)Papillomaviridae4645Papillomavirus types 1a,3,5,6,6b,8,9,11,16,18,32,33,39 (4,275/2,649)Orthomyxoviridae3748/953Influenza A (3,746/952)Retroviridae2998HIV-1 (2,540/2,365); Primate T-lymphotropic Virus 1 (254/240)Flaviviridae1475Hepatitis C (1,082/802); Dengue (535/535)Paramyxoviridae665measles (481/445); Nipah Henipavirus (133/2)Adenoviridae451Adenovirus types 2,5,12 (378/211)Pneumoviridae270Respiratory Synctial Virus A2 (262/258)Poxviridae247Vaccinia virus (190/47); Variola virus (18/18)Filoviridae177Ebola virus (154/11); Marburg virus (23/0)Polyomaviridae165Macaca Mulatta Polyomavirus 1 (79/65); JC Polyomavirus (41/1); Human Polyomavirus 1 (39/0)Hepadnaviridae128Hepatitis B (127/111)Fig. 1Human proteins targeted by different virus families. The number of targets is based on all available interactions between viral and human host proteins, including 1,988 targets of Herpesviridae, 1,624 of Orthomyxoviridae, 1,740 of Papillomaviridae, 1,359 of Retroviridae and a pool of 3,301 targets of other virus families. Only a limited number of human proteins is targeted by many different virus families.Fig. 1Fig. 2Known human-virus interactions and sequenced viral genomes of virus families. In particular, the number of sequenced genomes of different virus families correlates with the number of known interactions between proteins of the family specific viruses and the human host (Spearman rank correlation coefficient r~SR~ = 0.41, P \< 0.05). Furthermore, we labeled data points that correspond to virus families in [Table 2](#tbl0010){ref-type="table"}, [Table 4](#tbl0020){ref-type="table"}.Fig. 2

4. How reliable are published virus-host interactions? {#sec0020}
======================================================

The large number of PPIs and other high-throughput data raise the question about the reliability of these datasets. We address this problem by examining the reliability of different methods and then ask how many interactions are biologically relevant.

Both yeast two-hybrid (Y2H) and affinity purification coupled to mass spectrometry (AP/MS) approaches have limitations that lead to a significant number of false negatives and false positives \[[@bib0155], [@bib0160], [@bib0165]\]. While genetic screens using RNA interference (RNAi) or other methods suffer from the same burden (see below) we will discuss these issues in the context of virus-host interactions.

The reliability of PPIs is indicated by the specific evidence for either **direct physical** or **indirect** interaction. For instance, Y2H assays usually yield direct interactions while co-purifications (AP/MS) typically provide indirect interactions, especially when large complexes are studied. Note, that co-purification studies provide direct interactions when only 2 proteins are present in a complex. Around 50% of all virus-human PPIs may be **indirect** ([Table 3](#tbl0015){ref-type="table"}, bold). While most available virus-host PPIs are physical, it may not be known whether the interaction is direct or indirect. Databases that are based on the PSI-MS format provide experimental methodology information. Of the databases we used, the proportion of interactions that could be inferred as direct ranged from roughly 50% (IntAct, MINT) to around 70% (BioGRID, DIP).

Furthermore, the reliability of the experimental techniques for detecting direct interactions also needs to be considered. Only a few studies exist that systematically validated human-virus interactions for their biochemical or even physiological validity. Among the first attempts to validate human virus-host interactions was our study of interactions between proteins of the human host and the Kaposi sarcoma herpes virus (KSHV) \[[@bib0170]\]. In particular, we predicted 20 interactions between 8 **KSHV** and 20 human proteins from experimentally determined homologous interactions in yeast, worm, and fly. Nineteen of these 20 virus-host interactions were tested by CoIP, and an unexpectedly large percentage of interactions (13 out of 19, or 68%) was confirmed.

In another study, Zhang et al. found 109 interactions between 33 **Vaccinia** and ∼160 human proteins of which 27 were tested by GST pull-downs \[[@bib0175]\]. 17 of these were confirmed, translating to a 63% validation rate. While these numbers appear to be rather high, only certain subsets were selected, putatively representing a biased validation rate of a complete Y2H data set.

Khadka et al. \[[@bib0080]\] screened all 10 proteins of **Dengue virus** against a human liver Y2H library and found 139 interactions involving 8 Dengue and 105 human proteins. 33 interactions were detected by two or more Dengue protein fragments. 16 out of 23 tested interactions were also confirmed by an independent split-luciferase assay. 23 human genes were tested by siRNA assays for their effect on viral replication, and 12 of them were found to be required for Dengue replication. Interestingly, over 40% of the human proteins reported in this study to interact with proteins of the Dengue virus have been implicated in the life cycles of at least one other virus, with the greatest overlap with proteins linked to HCV infection.

In a similar study, 95 human proteins were identified in yeast two-hybrid screens with **Influenza** virus (INFV), and all were tested for their effects on INFV replication in similar siRNA experiments \[[@bib0060]\]. Of these, three were required for INFV replication and eight exerted a negative effect, for a total of 11 (12%) proteins that affected INFV replication \[[@bib0060]\]. Similarly, in large-scale siRNA screens for host factors affecting viral replication, the average hit rate was 1% \[[@bib0180],[@bib0185]\].

Jäger et al. used AP-MS to identify approximately 2,500 human proteins forming more than 10,000 physical interactions with the ∼10 **HIV** proteins analyzed \[[@bib0055]\]. However, they rigorously filtered their interaction data to obtain a "core" data set of 497 PPIs. Such a set was then compared to literature-curated PPIs in VirusMint \[[@bib0190]\], that were mostly derived from small-scale targeted studies. Notably, the overlap was only 19 interactions. As another control, Jäger et al. also carried out their purifications in two different cell lines, HEK293 and Jurkat, yet only 196 out of 497 interactions were found in both (39%). Finally, Jäger et al. compared their interaction data with four published RNAi screens \[[@bib0180],[@bib0195], [@bib0200], [@bib0205]\] that found a total of 1,071 human genes, of which only 55 overlapped with the 435 proteins found by AP/MS. In a follow-up study, Emig-Agius et al. \[[@bib0210]\] identified a set of 554 human proteins with "close proximity" to HIV proteins in both AP/MS data and RNAi screens. That is, 382 were direct HIV interactors identified by AP-MS, 79 were identified directly by RNAi, and 148 were novel predictions identified by proximity in the interaction network. These 554 human proteins were also enriched for 40 protein complexes from the CORUM database of human protein complexes \[[@bib0215]\]. Out of these 40 complexes, 27 had not been reported in previous studies of HIV, while the remaining 13 complexes had been identified by at least one previously published analysis. Furthermore, 36 of the 40 complexes in the map had at least one subunit that directly interacted with HIV. As a result they found three protein complexes which had not been identified in previous analyses. Additional RNAi experiments confirmed that some subunits were required for efficient HIV infection.

Such examples demonstrate that many human proteins have been identified that are involved in virus infection and physically interact with virus proteins. However, there is little reproducibility even with RNAi screens that have identified human genes required for infection. For instance, a comparison of the first three screens for human proteins involved in HIV infection \[[@bib0180],[@bib0205],[@bib0220]\] revealed only three genes that were identified by all screens.

5. How many interactions does a virus require? {#sec0025}
==============================================

The sheer number of host-virus interactions that have been found for many viruses may suggest that we have identified most if not all interactions. As indicated above, we know from other studies that interaction screens likely contain a large number of false positives. While viral proteins are highly enriched for disordered regions that are known to favor interactions with many partners \[[@bib0225]\], the question remains as to how many interactions does a virus realistically utilize to infect its host? How do we identify the physiological interactions among those that have been found overall? Unfortunately, such estimates currently do not exist, especially if we assume that viruses of similar proteome size may use similar numbers of PPIs. While it is hard to estimate such numbers for human viruses, bacteriophages may serve as a simpler model: 50 years of research have identified about 30 host-virus interactions between *E. coli* and phage lambda, which encode ∼4,000 and 73 proteins, respectively \[[@bib0230]\]. Assuming that most (physiologically relevant) host-virus interactions in this system have been identified, a large-scale analysis of *E. coli*-lambda interactions revealed 62 interactions in a high-confidence set \[[@bib0235]\]. However, of the 62 high-confidence PPIs only two were previously known to be physiological, while the role of the other 60 remains unknown. Such observations may indicate that up to 97% of these PPIs are false positives. However, lambda is unusual as compared to other phage in that many lambda proteins are processed during maturation and thus interactions are more difficult to detect. Protein processing seems to be less common among other phages, such as T7, whose 55 proteins are known to be involved in only 15 interactions with its host \[[@bib0230]\]. For T7 and lambda about 30--40 interactions have been found between their virion proteins, which are easier to detect and possibly more abundant than in human viruses, given the more elaborate virus structure in these tailed phage when compared to the often simple-structured human viruses. Although lambda and T7 may not be the most meaningful references for human viruses they give us a sense for the complexity of the problem. Interestingly, human viruses include many cases with substantial proteolytic processing, such as Hepatitis C Virus, in which a polyprotein prevents many interactions that are found when the proteolytic fragments are used for interaction screens \[[@bib0240]\].

6. What are the protein targets of human viruses? {#sec0030}
=================================================

The investigation of different host-virus protein interaction networks revealed functional classes of host proteins that different viruses commonly target. In particular, viruses prefer human host proteins that were involved in cell cycle regulation, signaling, nuclear transport and cell trafficking as well as transcription and translation functions \[[@bib0030],[@bib0070],[@bib0170],[@bib0245],[@bib0250]\]. However, different types of viruses will target different human proteins, reminding us that each viral family uses a different strategy to invade a human host cell \[[@bib0255],[@bib0260]\].

The abundance of virus-host interaction data prompted topological analysis of networks. For instance, Navratil et al. described a human infectome network (HIN) that linked 416 viral proteins to 1,148 human proteins through 2,099 manually curated virus-host PPIs \[[@bib0265]\]. In fact, 32% of these cellular proteins are targeted by more than one virus protein of the same virus. A similar fraction, 28% of these cellular targets interact with proteins from more than one virus.

Clearly, virus proteins target a relatively select number of human proteins that are relevant for their replication. These human targets appear to be highly connected: the mean degree of these targets was 38 vs. 10 in non-targeted proteins \[[@bib0265]\]. Even among highly connected proteins (degree k\>5) in the human interactome, the degree of virus targets was twice as large as those of non-targeted proteins. Independent analyses found that viral proteins preferably target human host proteins that are involved in a large number of interactions \[[@bib0070],[@bib0245],[@bib0250],[@bib0270], [@bib0275], [@bib0280], [@bib0285], [@bib0290], [@bib0295], [@bib0300]\]. As the number of interactions is a local measure of centrality, other more global measures of centrality were considered as well. In particular, betweenness centrality measures how many connections go through a particular protein in a network when proteins were mutually connected through their shortest paths. Indeed, various viruses target human host proteins with high betweenness centrality. As a corollary, such central proteins also have significantly shorter paths to other proteins \[[@bib0070],[@bib0245],[@bib0250],[@bib0270], [@bib0275], [@bib0280], [@bib0285], [@bib0290], [@bib0295], [@bib0300]\], as well as participate in a higher number of pathways and protein complexes \[[@bib0305]\]. Furthermore, topological analyses of revealed that human host proteins that were targeted by viruses are strongly connected among each other \[[@bib0305]\]. Recently, the focus of modern network research has shifted to the determination of nodes that allow the topological control of a network \[[@bib0310],[@bib0315]\]. Such controlling nodes need to be tweaked to exert the behavior of the remaining nodes in the underlying network. Notably, such controlling genes were enriched with essential genes and disease genes, and they appeared in regulatory interactions \[[@bib0320],[@bib0325]\]. Furthermore, they also played a role as targeted and required genes of viral infections \[[@bib0330],[@bib0335]\]. As a consequence, such centrality measures and the determination of control nodes may allow the computational prediction of potential viral targets based on topological measures \[[@bib0285],[@bib0290],[@bib0340], [@bib0345], [@bib0350]\].

7. Do different virus strains have different interaction patterns? {#sec0035}
==================================================================

As discussed above, viruses evolve quickly, and often hundreds if not thousands of strains have been sequenced, suggesting that their diversity may affect their interaction patterns. While several studies have addressed this question, we illustrate the idea with a study of human papilloma viruses (HPV). Neveu et al. \[[@bib0355]\] tested the interactions of two HPV proteins, E6 and E7, derived from 11 different strains each against 94 and 88 human target proteins, respectively. Each protein often had surprisingly different interaction profiles, depending on the strain from which they were derived. For instance, the affinity of different E6 proteins from different strains for their cellular targets Smad2 and Smad3 differed by more than 10-fold (as measured by an in vitro luciferase protein complementation assay). Interestingly, these authors also showed that the target proteins had very distinct tissue-specific expression profiles, partly explaining the tissue specificity of these viruses. In a complementary study, Gulbahce et al. \[[@bib0360]\] also investigated the E6 and E7 proteins but focused on the effect these proteins had on the expression levels in different target cells. Both proteins interacted with different proteins but also affected the expression of very different target proteins in human fibroblast and keratinocytes, emphasizing the complexities that arise when virus variation and human cell types are combined.

8. How are protein-protein interactions related to viruses with multiple hosts? {#sec0040}
===============================================================================

Most viruses are capable of infecting multiple hosts, at least closely related host species. However, some viruses infect quite distantly related species, such as human and bird influenza. One might expect that such "generalist" viruses enjoy an evolutionary advantage due to their potential to infect more hosts. However, in most cases adaptive mutations for one host bring about a decrease in fitness for replicating within another host, with a possible exception when a host's population tends to fluctuate widely \[[@bib0365]\]. Most viruses require only one host although some viruses (notably arboviruses such as dengue) use humans and other animals as "dead-end" hosts that do not transmit the virus to others in the population \[[@bib0370]\]. For obligate multi-host viruses, a phenotype specific to each host is often developed, which increases the chances of transmission. The hosts themselves are often very different, in terms of pH, temperature, and cell type. Thus, it is likely that PPIs from obligate multi-host viruses are more diverse than PPIs from optional multi-host viruses.

Arboviruses (arthropod-borne viruses) are among the most burdensome multi-host viruses for humans. As the dengue virus is a good example the DenvInt database \[[@bib0375]\] catalogues interactions between 10 dengue proteins and both human and mosquito proteins. The dengue-human network consists of 535 interactions between 10 dengue and 335 human proteins, while the dengue-mosquito network consists of 249 interactions between 10 dengue and 140 mosquito proteins.

Even with extensive recombination, as observed among the "chromosomes" of influenza viruses, many viruses are known to jump from animals to humans \[[@bib0380],[@bib0385]\], often leading to unusually severe outbreaks. The host environments do not vary as widely for viruses such as influenza A compared to arboviruses. Therefore, host-virus protein interactions PPIs may be more similar. Crossover mutations in influenza viruses occur predominantly in two proteins, hemagglutinin and neuraminidase, which allow for entry and exit, respectively.

Using the virus-human PPIs from the databases in [Table 3](#tbl0015){ref-type="table"}, the extent of multi-host interactions appears much larger, although their physiological relevance is difficult to determine. In particular, we found 71 human viruses from 15 different viral families in [Table 4](#tbl0020){ref-type="table"} (except filoviridae and polyomaviridae) that had interactions with 43 non-human hosts. The most common alternate hosts were simian, avian, mouse, cow and pig. There were over 100 interactions between the 2006 h5n1 pandemic flu strain and chicken. However, there were even some interactions with bacterial and plant hosts (for herpesviral proteins). In all, there were 434 physical interactions, of which 186 were direct. Conversely, non-human viruses were also found to have PPIs with human proteins, with less diversity but overall higher interactions. These 39 non-human viruses were from 15 different viral families, of which only 7 were present in [Table 4](#tbl0020){ref-type="table"}. 627 physical and 525 direct PPIs were found. This greater number of PPIs may be a result of the larger human proteome compared to most alternative hosts. The non-human hosts were similar in both directions of the analysis. However, some differences could be found. Canine viruses were found to have interactions in human, although human viruses were not found to have interactions in canine species. On the other hand, non-human viruses did not come from any bacterial or plant hosts.

9. The virus interactome-diseasome connection {#sec0045}
=============================================

It has been long known that some viruses are involved in diseases not typically associated with infection. For instance, up to 20% of cancers may be caused by viruses such as papilloma or certain herpesviruses \[[@bib0390]\]. Navratil et al. \[[@bib0265]\] used a set of virus targets that was compared to a list of 1,729 human genetic disease-related proteins as of the OMIM database \[[@bib0395]\]. Notably, 13% of human virus targets were also associated with at least one human disease \[[@bib0265]\], indicating that a human protein interacting with a virus protein is twice as likely to be involved in a disease than a non-target. Most of the diseases found in this study were related to cancer or neurodegenerative diseases. Surprisingly, type-1 diabetes was also associated with virus infection, as were autoimmune diseases in general, as many virus infections elicit a strong immune reaction.

Obtaining a similar conclusion, Gulbahce et al. analyzed the connection between Epstein-Barr-Virus (EBV), human papilloma virus (HPV) and disease \[[@bib0360]\]. However, these authors not just used protein interactions but also metabolic networks and regulatory interactions ([Fig. 3](#fig0015){ref-type="fig"} ). Using U.S. Medicare patient medical history data derived from 13 million patients, Gulbahce et al. found that many diseases were often associated with infections of the underlying viruses. For instance, patients that suffered from an infection with the human papilloma virus had 15.7 and 2.7 times increased chance of developing retina and bladder cancer and a higher risk of Fanconi anemia \[[@bib0360]\]. Furthermore, Rozenblatt-Rosen et al. \[[@bib0400]\] experimentally showed that genomic variations and tumor viruses may cause cancer through related mechanisms. In particular, their systematic analyses of viral host targets identified cancer genes with a success rate that was similar compared to functional genomics and determination of tumor mutations.Fig. 3The interactome-diseasome connection. Topological proximity between viral targets and genes associated with virally implicated diseases. Many diseases are directly or indirectly connected to virus proteins and their human targets. Modified after \[[@bib0360]\].Fig. 3

10. Virus interactions with the host metabolome {#sec0050}
===============================================

Evidence is mounting that viruses not just highjack host replicative functions, but also the host metabolic machinery. For instance, Adenovirus 5 proteins E4ORF1 and E4ORF6 co-immunoprecipitate with MYC in the nucleus, probably by directly interacting with the cancer protein MYC. While MYC has diverse effects on numerous target genes that it regulates, E4ORF1 induces MYC to activate a subset of glycolytic targets (viruses with a deletion of the E4 protein are defective for inducing glycolysis). Thai et al. \[[@bib0405]\] conclusively demonstrated that adenovirus induced glycolysis generates metabolites for increased nucleotide biosynthesis in infected cells. Furthermore, Ramière et al. determined a direct interaction between the NS5A of the Hepatitis C virus and cellular hexokinase 2 through protein complementation assays and co-immunoprecipitation. Notably, NS5A expression was sufficient to enhance glucose consumption and lactate secretion. Indicating a direct point of influence on a hosts metabolism through a host-virus protein interaction, viruses putatively manipulate host metabolism to generate more nucleotides and other compounds that are needed for their replication \[[@bib0410]\]. However, in most host-virus system viral points of metabolic intervention are understudied, and ambiguity remains whether interactions of virus proteins with host enzymes directly or indirectly reprogram metabolism.

11. Conclusions and outlook {#sec0055}
===========================

Protein-protein interactions are at the core of any virus infection. As a consequence, detailed knowledge of such interactions is critical for our understanding of viral diseases and the development of new drugs. However, knowledge about interactions between host and viral proteins is strongly biased toward a small number of viral families. Notably, these families often have diverse genomes while being of utmost biomedical and economic importance. In turn, for many viruses of lesser medical importance only few interactions are known that are not sufficient to understand their infection mechanisms at this point. Notably, viruses evolve much quicker than their hosts, especially in RNA viruses, not the least because they can produce numerous (variant) virus particles by the time the host can mount an immune response. Thus, viruses can also adapt their host-virus interaction interface faster than a host population can react by mutating its target proteins, although an individual immune system is usually able to fight off an infection \[[@bib0415]\].

Despite the abundance of known interactions between human and viral proteins, current host-pathogen interaction databases lack the level of specific annotations compared to general protein interaction databases. Furthermore, the level of reliability of host-virus interactions is currently not on par with their intra-species counterparts. As we surmise that host-virus protein interactions are key to our understanding of virus infection and disease, currently known host-virus protein interactions may suggest plausible hypotheses. However, precise mechanisms remain often elusive as the majority of host-virus protein interactions remain to be validated.

While the determination of host-virus protein interaction interfaces is continuing, new frontiers are rapidly emerging. In particular, the availability of host-virus interactions raises the questions of viral co-infections that are reflected by interactions between host and variable viral proteins at the same time. Current knowledge about such co-infections can be inferred from known interactions that have been found from separate analyses that focused on a single host-virus system. However, such interactions will need to be determined in experimental settings that account for the presence of different pathogens. Such settings will allow the assessment of synergies and interactions between pathogens that putatively have a physiological effect on the host as well as only appear as a consequence of a co-infection. The relationships between diseases that are triggered by host-virus protein interactions and other non-viral comorbidities are increasingly investigated. As a corollary of the previous point, knowledge about such systems is mostly based on assembling and analyzing interaction interfaces that were found independently from the presence of other diseases as well. As a consequence, host-virus interaction interfaces may change in the presence of other diseases. In turn, host-virus interactions may facilitate the emergence of comorbidities, suggesting that host-virus interaction interfaces need to be experimentally assessed in the presence of associated diseases.

While current host-virus interaction interfaces almost entirely focus on interactions between proteins, the impact of viral proteins on enzymes and the human metabolome have hardly been investigated. As a corollary, microbiome studies will identify many more viruses in humans. In the course of these studies, we will also find many more commensal viruses which do interact with their human host but may actually be beneficial, and potentially even help us to fight other pathogens and parasites.
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[^1]: Globally, since 1981.

[^2]: Spanish flu of 1918.

[^3]: 30 million outpatient visits.

[^4]: 100-600 thousand hospitalizations.

[^5]: The death rate is decreasing, from 535,000 deaths in 2000 to 139,300 deaths in 2010.

[^6]: \$10.7 billion in direct medical expenditures in the USA for HCV-related disease from 2010 to 2019.

[^7]: Cases of microcephaly. K,M,B = thousand, million, billion, ww= worldwide, SA = South America.

[^8]: Hepadnaviruses have an RNA intermediate and thus are not strict DNA viruses.

[^9]: "Physical PPIs" refers to PPIs for which there is experimental evidence of a physical interaction, but absence of evidence for a direct interaction using PSI-MS controlled vocabularies.

[^10]: "Direct PPIs" refers to PPIs for which there is experimental evidence of a physical, direct interaction using PSI-MS controlled vocabularies.

[^11]: PPI information and evidence requires manual extraction or text-mining.

[^12]: The PHISTO website was unavailable for the duration of the writing of this review.
